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Development of GeoAl-based Environmental Policy Establishment Support System
: Analysis of The Relationship Between Land Cover and LST in Seoul

Kim, Geunhan
Korea Environment Institute, Research Specialist, Sejong, Korea

ABSTRACT

It is necessary to establish environmental policies based on data-based analysis in order to solve complex and diverse

environmental problems that occur continuously. However, simple analysis of environmental spatial information and data has

limitations in establishing effective environmental policies and solving environmental problems. It is necessary to utilize objective

analysis using artificial intelligence techniques such as probability/statistics, machine learning, and deep learning through

convergence and complex connection with new technologies such as sensors, images, and drones. In particular, location-based

spatial information can provide tools and technologies to understand, analyze, and visualize phenomena that appear differently

depending on the location of an actual phenomenon. In addition, the convergence of spatial information and various data enables

value creation through new knowledge. Therefore, in this study, it is proposed to establish a GeoAl-based environmental policy

establishment support system that can converge and link spatial information based on location information and various data. And

in order to examine the applicability of this support system, meaningful results could be derived by analyzing the relationship

between LST and land use/cover for Seoul. The valuable new knowledge derived through this GeoAl-based environmental policy

establishment support system is expected to be utilized as various basic data for future city and environmental planning.
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&S A|53tH(VoPham et al., 2018). 183l TSt &
of Hojelst AT SRY BHS ol A= ] F
o] 71s3ltH(Kim et al., 2016). 7|& APALE AHE
S Ee} vkt 39| HolHERS 55 &4
&8> FAZA XY FgolA AlUA BaE SIS 4=
ATH(Kim et al., 2013, Kim and Yoon, 2013, Kim et al.,
2014, Lee et al, 2014, Yu et al, 2014, Kim, 2015).
w24 Hu et al. (2019)0] 723t Bie} Zo] g Het
AL HloJg| mo]d 9 1145 HFB WS Adsto 9
1] = AHE &= 2 GeoAl (Geospatial Artificial
Intelligence)2t € 4= QITthHu et al., 2019). = T HE 9]
HE, 7Hs, T, 24 9 AI4E Y 52 A3Als Vs
(EEEA 714, 71A8ks 71y} 924 71¥ 5= 89
37t HlolE ek ‘:]'03:_5_]' 39 dHolg=9] A € 58241l
g, 85 9 o|=g 7155514 $HH(VoPham et al., 2018).
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Table 1. Existing definitions of GeoAl
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2.1. GeoAl 7§d & EX
GeoAl:= Table 13} Zo] of ] Aol theatAl 9

Hi Qo
VoPham et al.(2018)2 GeoAl7} HAl MR 7|&X

Source

Definition

VoPham et al.
(2018)

The scientific field of GeoAl was recently formed from combining innovations in spatial science with the rapid
growth of methods in artificial intelligence, particularly machine, data mining, and high-performance computing to

glean meaningful information from spatial big data.

Hu et al.(2019)

The integration of geography and Al has given rise to the new and exciting interdisciplinary field of GeoAl.

Janowicz et al.

GeoAl as a subfield of spatial data science utilizes advancements in techniques and data cultures to support the creation

(2020) of more intelligent geographic information as well as methods, systems, and services for a variety of downstream tasks.

Li (2020)

GeoAl sits at the junction of Al, geospatial big data, and high performance computing (HPC) to provide a promising

solution technology for data-or compute-intensive geospatial problems.

Xie (2020)

GeoAl is a generalization of traditional artificial intelligence (AI) techniques to address unique challenges posed by

geospatial data, i.e., geo-referenced data with location markers.

Alastal and Shaqfa | GeoAl can be described as an emerging scientific discipline that combines innovations in spatial science, Al methods

(2022) such as ML, and DL, data mining, and high-performance computing.

Chauhan and
Shekhar (2021)

GeoAl the branch of AI which focuses on building algorithms that make sense of information and feedback received

in space and time, strengthens, and enriches Al itself.

Gao (2021)

GeoAl is the integration of geospatial studies and Al, especially machine learning and deep learning methods and

the latest Al technologies in both academia and industry.

Li and Hsu (2022) . . .
using geospatial (big) data.

We define GeoAl as a new transdisciplinary research area that exploits and develops Al for location-based analytics

Purbahapsari and
Batoarung (2022)

GeoAl is a scientific discipline that combines innovations in spatial science, artificial intelligence methods in machine

learning, data mining, and high-performance computing to extract knowledge from spatial big data.

Journal of Climate Change Research 2022, Vol. 13, No. 6



GeoAl 7|2t 2rAEA 2 X|& M| 75: MSSEAQ EX|IISL LST 24 24 861

71AIE, Hold miold 2 145 ARY WH 5 AT
A5 7laS A 37t dHolHR2RE 9u] = ZE
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o, g3k BATh 97 Wohe Eee we Hot Hops
AZst= W% SHAHQl FEoktal HEAUTH

Hu et al.(2019)0] W= GeoAl:= R|2|sH} A1) 5350
2 Aox= AIF SR oA 7t Rofolrh olg2
GeoAI7} g ofg FASHA = Al 7HA] 812lof A=
A8k A WA 801 B ] IR Holge] 7t
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7 AAgchs el Al WA 89S 1A AHY She
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GeoAl REl2 §870F sk53F 4= Q1A FQth= Ao|t}

Janowicz et al.(2020)2 Z7F fo]g| ste] 519] Hof
Al GeoAIE 7] Hlo|H Zof2] @l r Hrt X534
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e olmA &%, AA A, dd 22, AEdeld 9
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ol &g o] Z3tHETh

Li (2020)= GeoAIZS Al 37t vldloly, 1AS AR
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oA &3] & 4 Ut
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Agksliok SR, olefat 7Y glo] AARE £ Aol
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Data collection, storage and processing

Item selection, processing, storage

L Az of
o9 i i
[> % O o

Generate structured data using spatial

analysis and query

Choosing how to generate structured data

Application of Artificial Intelligence technology
Service of analysis results

Important factors, correlation analysis, probability map

Fig. 1. GeoAl-based environmental policy support

system framework
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Fig. 3. Example of structured data
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Fig. 4. Examples of various analysis result service
provision methods
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£ GolAs 2 AFolA AREeE GeoAl 718F 3 4=
d A AAY €87 AESH] Y6 A5
2 o EX ol&/EA FELULCT AEH 25
1=}
*

1L

(Land Surface Temperature, ©]5} LST)2}9] HAE B4
SERATE 71€ B2 Aol EX0l&/EA M EI} A
2ot Aol yebde] met & AtolA AlRb
GeoAl 7|9 HA 8 A A Ao EX] o] &/EA] T
T AEH =040 A £45 YR, T
£9 &8 7Is4e AEstaA Joh

o|E 93l 2019 #FE Landsat 8 YT A=E
ggsto] F53 LSTE SHHTE E-EFTHKim et al,,
2021). 1831 201949 &I H Sentinel-2 YA o = L

unt N = = |

==

Table 2. Description of variables

%3} NDBI (Normalized Difference Built-up Index),
NDWI (Normalized Difference Water Index), GNDVI
(Green Normalized Difference Vegetation Index)?} %]
YL RE &3 T} FAL 20199 AEF EX|T)
BEAERRY 755 ARE EAYEE Eguse @
3. olFst S5Heet SHMsES 57 DBSMO
A F B0 S8t

DBMSO|| #3¥ HlolEolA HFHoIHE F=
of A= A A9 <F 1105 7§9] LST HAH AR}
3 50m~500 me] W¥HE Hol Z ¥y FIt
X3 NDBI, NDWI, GNDVIQ] &, #3119} FAF 3
2 717t0] MRS BATE WAo) e ALt
o gEe SYNsR B8Sged, AT Had
? LST H2 S&WS2 B85te] oF 1108
AZEE 7H ¥ AZ(S0m ~ 500 m)E 10719
3. o=t AFH CIHE vt 7
Asts 71 #-83ho] Fig. 59F o] Z7to] wdd 4
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o
oflt
4,
o)
i)
it

50m 100m 150m 200m 250m 300m 350m 400m 450m 500m
Buffer Distance

——Extra Trees Regressor ——Random Forest Regressor ——Extreme Gradient Boosting (XGBoost)

——Light Gradient Boosting Machine  ——Gradient Boosting Regressor —— Decisi

Fig. 5. Comparison of explanatory power of model
according to buffer distance

Data Spatial resolution Source (Year)

Dependent Variable Land Surface Temperature 30 m x 30 m Landsat 8 (2019)

NDBI
Landscape .
NDWI Sentinel-2 (2019)
features
Independent GNDVI
. - 10m x 10 m
Variable Topographic Elevation o )
Digital Elevation Map (2019)
features Slope
LULC features Sub-division land cover Land Cover Map (2019)
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1o P
150 —.——- A
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SHAP value (impact on model output)
Fig. 6. Importance and direction of independent
variables influencing LST

ESHLST S AE AAE 150 m HHE =3¥sto] gE
5t A Y d|o]E]2t XGBoost XHE &-835la] LSTO] o=
ANE EE5H5l o, ojnff EXo]-§9] %5—]’ } LSTO] o
A= FFE B4T & Ut A& 50 ARIEEREY
A5kst Aol =114E A% g X](—j%-of] LST WH3lE
ST ¢ ok 71E IEEE A(YE TUAYeRE HA

B A A 7= MSEEAC| EXISL LST 24 &4 865

sto] LSTE 53 23 Fig. 73 22 234E =28 +
AT 24 AN AEE2E A FozRE ARt d
ojda% LST Agav= Eolzal 7M B2 LST A
A7 vepd 22 oF 1.6C9 2= ARAINE 7T
= ANTHFig. 8).

Fig. 7. Spatial distribution of LST before and after
the expressway underground project

¢som 50°100m 10045 T50~200m  200°250m  250°300m  300°350m  350~400m
02
04

= LST reduction (Average) ==l ST reduction (Maximum)

Fig. 8. LST reduction effect according to distance
from expressway

GeoAl 7]8F 44 58 Y JAES &85 EX|o
&/0 53} LSTRRY] A 243 22 &8 A% zg
LSTO v|A]= 9F A2 wpota} kst c,>_]x} =3
=9 #AE Tt o3t ARE F
% A 9 F3HAE £ A OgFst SARRE AT E
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